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ij ssues of identity and identity formation play central roles in many current events, 


from factional politics in Iran, to sectarian strife in Iraq, to Pashtun tribal affairs 


in Waziristan. They even play a role in US domestic issues regarding changing Demo- 


cratic or Republican identities. A better understanding of the processes by which social 


identities are constituted and transformed can help 
policy and decision makers as well as academics 
shed light on many important matters, including 
those that can threaten peace and stability. 

Researchers in several social science disciplines 
have studied identity, with each discipline focusing 
on different aspects of this complex social notion 
(see the “Identity in the Social Sciences” sidebar). 
This difference in focus is mostly because processes 
related to identity and identity formation manifest 
on multiple scales and in multiple contexts. In ad- 
dition, many identity processes are heavily interac- 
tion mediated, making them difficult for traditional 
research methodologies (often concerned with in- 
tervariable correlations or analytical mathematical 
modeling) to model satisfactorily. 

Spawned from the realm of complex systems sci- 
ence, agent-based modeling could potentially tackle 
just such multiscale and interaction-heavy systems. 
Here we demonstrate a framework for agent-based 
modeling that captures the salient features of a par- 
ticular class of social systems in which identity dy- 
namics play a central role—those in the political 
realm. 
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Identity in 

computational social science 

Edward MacKerrow’s Threat Anticipation Program 
(TAP) model! and David Rousseau’s SharedID 
model? are two popular models of identity and iden- 
tification processes from the computational social 
science (CSS) field. 


The TAP model 
This model addresses the spread of social griev- 
ances on social networks, with the ultimate goal of 
determining or anticipating regional and temporal 
propensity for the emergence of terrorism. Agents 
in this model have adaptive capabilities. They can, 
for example, develop negative sentiments toward 
oppressive entities or learn which other agents 
they should avoid or associate with. The simulation 
world is composed of nations, which consist of vari- 
ous districts, populated with several types of agents. 
In the TAP model the distribution of agent types 
and their attributes are obtained from regional de- 
mographic and ethnographic sources. 

Agents can adopt multiple identity roles (such as 
terrorist, student, cell leader, weapons engineer, and 
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Identity in the Social Sciences 


In social sciences research, identity is broadly conceived, not 
particularly well defined, and—perhaps as a consequence— 
a focus of ongoing debate. Whereas some argue that the 
term encompasses too much to be useful, others have noted 
its often overly narrow focus. (James Fearon lists 14 different 
uses of “identity” in publications from various social science 
fields.') Despite such criticisms, researchers have frequently 
attempted to make the term analytically meaningful. 

Identity as socially constructed (as opposed to primor- 
dial) is the dominant paradigm in identity scholarship. The 
social-construction process can arise from different progeni- 
tors or mechanisms, including discursive logics, strategic ac- 
tions by elites or the masses,? and entrepreneurial actions.? 
The emergent qualities of identity construction, combined 
with the likely requirement of multiple, possibly opposing, 
mechanisms for a meaningful description, lend themselves 
naturally to the vocabulary of complex systems. Although 
notions from complexity studies aren’t broad enough to en- 
capsulate the full richness of social identity formation and 
evolution, these qualities suggest that methodologies such 
as agent-based modeling will prove useful in their explora- 
tion. Whereas the constructivist view of fluid and dynamic 
identities is generally accepted, not every type of identity is 
fleeting, temporary, or transient. So, one challenge in mod- 
eling identity formation processes is to demonstrate identi- 
ties that manifest different durations of stability. 

We differentiate between notions of collective identity 
and an individual's identification with or allegiance to par- 
ticular collectives. These two notions are often conflated and 
can lead to muddled analysis. 

From the individual's perspective, collectives constitute 
fields of attraction, operating at multiple scales and with 
varying amounts of coherence among them. Rawi Abdelal 
and his colleagues identify content and contestation as the 
two characteristics necessary to describe collective identi- 
ties.4 A group’s content includes its “constitutive norms; 
social purposes; relational comparisons with other social 
categories; and cognitive models,” which can possess vari- 
ous levels of stability. Contestation refers to the degree of 
agreement (or disagreement) among the group regarding 
the content. Such a description allows for a better repre- 
sentation of different types of collective identities, placing 


them in a multidimensional configuration space rather than 
treating them as generic or homogeneous variables. 

The microsociology*® and social psychology of small 
groups’ literature refers to the multiple identities or social 
roles that individuals adopt or have access to. Depending on 
the context in which individuals find themselves, a specific 
identification’s salience, and hence its influence on their 
decisional process, can vary dramatically. In addition, the 
intensity of an individual's identification with various col- 
lective identities can also result in large swings in his or her 
decision. 

For our purposes, we define (individual) identity in terms 
of a socially defined concept of self (the social se/f) with 
which the actor identifies singular pronouns (that is, “I” 
“me"). The individual associates both a cognitive and an 
emotional valence with this concept of self, which can fluc- 
tuate depending on the social context and recent events. 
Collective identity refers to the aforementioned fields of at- 
traction manifested by social collectivities, particularly their 
influence on the actor’s concept of self. 


or 
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recruiter), activating the various roles as the 
situation dictates. Each role comes with a 
set of associated actions that the agent can 
use. This flexibility in agent construction, 
although not fully reflecting role theory and 
related lines of sociological research, can be 
regarded as a first step toward more subtle 
agent capabilities. 

Two important concepts in the TAP 
model are social capital—implemented as 
“a weighted sum of income, ethnicity, re- 
ligion, education, and pedigree”—and so- 
cial rank. The agents use this information 
mainly to determine the outcome of their 
interactions. For example, after a successful 
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interaction between two agents, the agent 
with the lower social rank will absorb more 
of the higher-ranked agent’s characteris- 
tics than the higher-ranked agent will adopt 
from the lower-ranked agent. The evolution 
of social rank can also illustrate emergent 
hierarchical structures in the agent world. 
One of the TAP model’s main concerns 
is the spread of information and sentiments 
over the social networks that the agents are 
part of. Agents belong to various types of 
networks, including kinship, religious, or- 
ganizational, and friendship. In addition to 
acting simply as conduits for information 
flow, however, the networks play a pivotal 
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role in shaping agent behaviors and opin- 
ions. This is because many agent behav- 
iors and opinions originate from and are 
reinforced by the social structures to which 
the agent belongs. As MacKerrow notes, 
“a young adult’s proclaimed dislike toward 
the United States may be socially inherited 
from parents and reinforced through family 
circles, friendship circles, and by the me- 
dia.” In addition, although the model uses 
simulated social networks, it is possible to 
use data from known networks to populate 
the model. 

Agents in the TAP model carry an al- 
legiance vector. This data structure tracks 
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the degree of positive or negative allegiance 
that the agents feel toward specific na- 
tions, organizations, and ethnic or religious 
groups. The model uses Gallup poll data to 
determine the aggregate allegiance vector 
values for the agent populations. As agents 
interact through their local social networks 
and are exposed to global information via 
media outlets, they experience social learn- 
ing and the values in their allegiance vec- 
tors evolve. This lets researchers track the 
changing individual as well as aggregate at- 
titudes toward groups and, hence, ask ques- 
tions regarding changing self-identifications 
with groups. 


The SharedID model 

Rousseau presents the SharedID model as 
one chapter in his book Identifying Threats 
and Threatening Identities. The book fo- 
cuses mainly on the concept of shared iden- 
tity. Its primary premise is that your percep- 
tion of a threat is inextricably intertwined 
with how similar (along several criteria) to 
yourself you perceive your potential adver- 
saries to be. Its central model of threat per- 
ception and identity is the bridging model. 
This model offers a framework interlinking 
three relatively distinct levels of analysis (in- 
dividual, domestic, and international), which 
Rousseau argues are necessary for properly 
describing international-threat perception. 
Within this bridging model, Rousseau uses 
the SharedID computational model to ex- 
plore aspects of the three analysis levels and 
their relations. 

The SharedID model’s underlying struc- 
ture is based on Ian Lustick’s Agent-Based 
Identity Repertoire (ABIR) model.? Sev- 
eral other modeling efforts are based on 
the ABIR model, most of which investi- 
gate identity-related topics. Although our 
choice of the SharedID model as the focus 
was partly arbitrary, we felt that it provided 
the most comprehensive investigation of 
the identity issues of interest. 

The SharedID world is a simple grid 
filled with agents. An agent possesses iden- 
tity dimensions and traits, which evolve on 
the basis of the agent’s local interactions 
with its Moore neighbors (eight nearest 
neighbors) as well as through global influ- 
ences. More specifically, each agent has 
an identity repertoire with five dimensions 
(randomly chosen from 20 possible dimen- 
sions). Each identity dimension has two as- 
sociated identity traits: one representing 
the agent’s opinion of its in-group’s trait 
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along that dimension and the other repre- 
senting the agent’s opinion regarding the 
out-group’s trait. (Four identity types are 
associated with each dimension.) Empiri- 
cal findings based on laboratory experi- 
ments and other studies motivated many 
of the parameters used in the SharedID 
model (such as the fact that each agent has 
five identity dimensions). The degree to 
which the out-group traits match the in- 
group traits determines a population’s de- 
gree of shared identity (with its out-group). 
As we mentioned earlier, Rousseau’s hy- 
potheses revolve around the relationship 
between shared identity and threat percep- 
tion, so the evolution of this quantity plays 
a central role in the analysis. 


In many real situations, 
Only a handful of policy 
(imensions are necessary 


[o meaningfully characterize 
a political actor's 
ideological positions. 


The identity dimensions in an agent’s 
repertoire aren’t equally significant but are 
weighted with different salience values. 
These values determine the importance of 
keeping certain dimensions and discarding 
others as well as the dimensions’ influence 
on an agent’s neighbors. SharedID also in- 
corporates global, or society-wide, biases 
regarding different dimensions. In the ver- 
sion presented, the bias associated with 
each dimension changes randomly with 
a certain probability, reflecting the wax- 
ing and waning of the popularity of ideas 
owing to factors exogenous to the model’s 
specification. 

In addition to the regular agents, four dif- 
ferent types of leader agents exist: 


¢ A powerful leader has twice the influence 
of regular agents in local interactions and 
can initiate opinion changes by updating 
its attributes earlier in a simulation turn 
than other agents. 

¢ A leader with reach can interact with 
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its nearest neighbors and with distant 
agents. 

¢ A pragmatic leader has twice the influ- 
ence of a regular agent but will more 
likely adopt an opinion that becomes 
popular, locally or globally. 

¢ An ideological leader has twice the influ- 
ence of a regular agent but will less likely 
modify its opinions. 


During the course of a simulation step, 
each agent determines the most popular 
identity dimensions and traits by observ- 
ing its neighbors and accounting for global 
biases. Each agent tallies the saliences of 
each identity dimension in the local neigh- 
borhood (that is, the identities possessed 
by the agent and its neighbors). If leader 
agents with double the regular influence 
are present, those agents count as two reg- 
ular agents. After the simulation accounts 
for global biases, the agent is left with a list 
ranking the dimensions by popularity. De- 
pending on the most popular dimension’s 
degree of popularity, the agent will 


¢ keep its previous dimensions unchanged, 

* increase the salience value of one of its 
dimensions, 

¢ add the most popular dimension and get 
rid of its least salient dimension, or 

¢ add the most popular dimension and pro- 
mote it to a high salience value and get 
rid of its least salient dimension. 


In this way, identity dimensions are spread 
throughout the SharedID space. (The iden- 
tity traits are spread similarly to the identity 
dimensions.) 

According to Rousseau, the SharedID 
model captures the six central elements of 
identity construction described in the ethnic- 
conflict and nationalism literature: 


¢ Identities can vary across time and space. 

¢ Agents can have multiple identity dimen- 
sions and can shift between identities. 

¢ Entrepreneurs play a major role in trans- 
mitting information. 

¢ Identities evolve locally via individual- 
level social interactions. 

¢ Local and global incentives exist for the 
adoption of certain identities. 

¢ The agents and opinion structures are 
mutually constituted. 


(He discusses these elements in another 
chapter of his book.) 


IEEE INTELLIGENT SYSTEMS 


A framework for agent-based 
models of political agents 
Building on many of the concepts of the 
TAP and SharedID models, and incorporat- 
ing emerging techniques and research pro- 
grams, we present a conceptual framework 
of identity dynamics that can serve as a pre- 
cursor for building computational agent- 
based identity models. For clarity, we focus 
on modeling identity and identity processes 
in the political realm. We examine the vari- 
ous interactions, decision processes, and 
collective behaviors that appear relevant for 
a computational model of political agents, 
or P-Agents. 

Political scientist Duncan Black spoke of 
the “possibility of persistent disharmony” 
in political processes, thereby contrasting 
the study of politics with the equilibrium- 
seeking efforts in economics. This turbu- 
lent view of politics and politicking appears 
in empirical and historical settings where 
politicians repeatedly engage in various ide- 
ological discourses to 


* advance their personal public status (for 
example, increase or maintain political 
capital), 

¢ bolster their in-group’s power and in- 
fluence (for example, by seeking stra- 
tegic control of institutions or forming 
coalitions), 

* promote their ideological views (for ex- 
ample, seek support on views they truly 
believe in), or 

* carry out the will of the people (the poli- 
tician’s financial and electoral supporters, 
for example). 


Our framework tries to capture such politi- 
cal processes, which frequently appear in- 
tertwined with maintaining and enhancing 
politicians’ various identities. 


Defining P-Agents 

Starting from Anthony Downs’s An Eco- 
nomic Theory of Democracy, there’s a rich 
history of spatial models of policy space. 
These Downsian spatial models depict an 
abstract space in which the constitutive di- 
mensions are various policy positions and 
ranges. 

We want P-Agents to have ideological 
positions on which to politick. So, we begin 
defining P-Agents by assigning each agent a 
set of coordinates depicting its ideological 
beliefs within an abstract ideological space 
(I-Space). In many real situations, only a 
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handful of policy dimensions are necessary 
to meaningfully characterize a political ac- 
tor’s ideological positions. So, for concrete- 
ness, we define P-Agent I-Spaces as having 
three policy dimensions—for example, eco- 
nomic policy (ranging from free market to 
socialist), foreign policy (from being a sup- 
porter of the existing international order to 
an exporter of revolution), and institutional 
structure (domination of religious institu- 
tions to domination of state institutions). 
We also incorporate the dimensional- 
collapse phenomenon where, for various 
possible reasons, some dimensions’ salience 
drastically diminishes, making differences 
along those policy dimensions between P- 
Agents less relevant. Any modeling imple- 


Real political actors 
are Dorn with and develop 
different sets of capabilities 


and characteristics 
through which their 
political selves emerge. 


mentation that seeks to encapsulate the dy- 
namics of varying saliences must account 
for such collapses. 

In both the TAP and SharedID mod- 
els, actors receive well-defined agent types 
with associated capabilities. Real political 
actors are born with and develop differ- 
ent sets of capabilities and characteristics 
through which their political selves emerge. 
So, we assign relatively basic characteristics 
to our P-Agents, letting complex categories 
emerge endogenously. More specifically, we 
assign values to the P-Agents along four ba- 
sic dimensions: 


¢ The pragmatic/ideological (P/1) dimen- 
sion determines how accommodating or 
stubborn a P-Agent will be when con- 
sidering whether to change its ideologi- 
cal position (similar qualitatively to the 
pragmatic and ideological leaders in the 
SharedID model). 

¢ The aggressive/passive (A/P) dimension 
is the entrepreneurial dimension or inno- 
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vation pressure; it determines the types 
of risks P-Agents will take to reach their 
goals. 

¢ The persuasiveness (P) dimension can 
also be referred to as charisma (or even 
political “magic” by some scholars). 

¢ The cognitive capacity (CC) dimension 
encapsulates the abstract notion of cogni- 
tive ability of a P-Agent. 


We can implement cognitive capacity in 
several ways. One way is to utilize the con- 
cept of the Miller number (7 + 2), which is 
a range of values for the number of distinct 
items a person can simultaneously take into 
consideration. When confronted with tasks 
requiring P-Agents to discern between cat- 
egories, those with high CC values can ob- 
serve more gradations than P-Agents with 
lower CC values. 

By assigning attributes to the P-Agents 
along these basic dimensions, we anticipate 
that different recognizable P-Agent types 
will emerge during a simulation. That is, 
some P-Agents will act according to well- 
known or expected roles (powerful leader, 
ideological leader, and so on), but the con- 
tinuous dimensions will allow for more nu- 
anced mixed-role P-Agents or even previ- 
ously unimagined roles for P-Agents. 

Agents in the TAP and SharedID mod- 
els possess well-defined behaviors relative 
to their agent type. The SharedID model 
focuses mainly on the information flow be- 
tween agents, so the agents’ only activities 
are determining the popularity of ideas (in 
the form of identity dimensions and traits). 
In the TAP model, agents have access to 
many behavior types, but all behavior types 
are associated with particular roles and are 
fixed in advance by the model creator. In 
addition, the model implicitly assumes that 
when agents interact, they’re fully cognizant 
of the interaction they’re taking part in. 

In a real social setting, however, human 
actors can “play multiple games, select from 
among available games, shift from one to 
another, misunderstand what games their 
counterparts are playing, and act in ways 
that are (more or less) effective simultane- 
ously within multiple games.”° Our intent 
is that P-Agents should be able to engage 
in more fluid and flexible interactions via 
so-called multigame formalisms. (A more 
in-depth discussion of multigames appears 
elsewhere.®) 

Briefly, a multigame is an interaction for- 
malism involving multiple simultaneous 
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Figure 1. An ideological space (I-Space) grouping configuration for the star-shaped 
political agent (P-Agent). This particular I-Space has three policy dimensions: 
institutional structure, foreign policy, and economic policy (i, f, and e). Small circles 
denote the inferred positions of other P-Agents in the I-Space; the enclosing ellipses 


represent the resulting P-Agent groupings. 


games. Because we're interested in political 
interactions, we chose coercive, economic, 
and supportive games for the P-Agents. 
Coercive games involve an interchange of 
threats and/or attacks; economic games in- 
volve reciprocal instrumental interchanges 
of materials, products, or services; and 
supportive games involve mutual support 
where close accounting might not be main- 
tained. We can model the payoffs in these 
games after the side payments political ac- 
tors engage in,’ including threats of repri- 
sals, monetary payment, promises on pol- 
icy, promises about subsequent decisions, 
and exchanges of emotional satisfaction. 
In addition to the on-diagonal games (that 
is, mutually coercive, economic, or sup- 
portive interactions), P-Agents can engage 
in off-diagonal exchanges. An off-diagonal 
exchange could involve two interacting par- 
ties, where the first one threatens the sec- 
ond and the second party pays off the first. 
Any compelling multigame implemen- 
tation clearly requires communication and 
coordination between the P-Agents. This 
communication and coordination requires 
P-Agents to exchange witnessable signals 
that rely on shared concepts between agents, 
obtained via public routes or through recur- 
rent P-Agent interaction. We’re investigating 
the use of late-binding, dynamic program- 
ming languages to develop agent (embed- 
ded) domain-specific languages (eDSLs). 
Rather than hard-code the P-Agent interac- 
tions using predefined scripts, we want to 


incorporate ambiguities, open-endedness, 
and elements of deliberate misdirection into 
P-Agent communications. So, for example, 
a P-Agent could seek to engage in an inter- 
change (game) with another P-Agent under 
false pretenses. 

Another intriguing path that we’re pur- 
suing is the endogenous assembly and pa- 
rameterizing of particular games from com- 
ponent actions. Here, once again, we’re 
exploring several advanced dynamic lan- 
guage capabilities (such as metaprogram- 
ming and function composition). This will 
potentially allow more fluid and nuanced P- 
Agent interactions. 

In terms of social structures through 
which agents can interact, the SharedID 
model uses a simple grid, in which local 
agent interactions occur between Moore 
neighbors. In the TAP model, on the other 
hand, agents can be a part of multiple so- 
cial contexts, which are implemented as 
social networks. The TAP model’s ap- 
proach allows for a social structure that 
can be more closely calibrated to actual 
cases of interest. In fact, as we mentioned 
earlier, we can incorporate actual network 
data into the TAP model. P-Agents use the 
more general notion of P-Agent locales— 
that is, structures in which P-Agents can 
interact locally, including both legislative 
locales and less formal social or geograph- 
ical context locales. Similarly to the TAP 
model, P-Agents can generally be in mul- 
tiple locales. 
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We can implement interaction structures 
in several ways—for example, through so- 
cial networks, blackboard communication, 
and locale-wide broadcasting. We can also 
incorporate locale dynamics by specifying 
how P-Agents enter and exit locales (mem- 
ber vote, public vote, random choice, and so 
on). We also allow for specifying restric- 
tions regarding the inclusion of particular 
P-Agents in certain locales and can ascribe 
functions and capabilities to particular lo- 
cales. So, we can implement a locale that 
has, for example, the legal authority to re- 
strict a P-Agent’s access to another locale. 
This level of flexibility in determining the 
types of locales to include in a model lets 
us closely calibrate the model to a social 
system of interest using widely available 
but perhaps underutilized computational 
techniques. 


Modeling identity processes 
For modeling identity processes, we draw 
on coalition formation, a social phenom- 
enon that includes several collective iden- 
tity-formation and identification processes. 
William Riker’s The Theory of Political 
Coalitions was an early attempt to quan- 
tify the complex process of political coali- 
tion formation.’ In Riker’s theory, political 
actors’ main activities are introducing legis- 
lative bills and the subsequent deal making 
to build majority support for the bill. Riker 
called the initial groupings of political ac- 
tors protocoalitions, some of which eventu- 
ally merge to form a winning coalition. The 
political actors who introduced the bills en- 
gage other actors by disbursing side pay- 
ments, building their protocoalitions while 
taking care not to alienate supporters al- 
ready in the protocoalition. Our intent is to 
faithfully depict this type of collective iden- 
tity, or group, formation. 

The SharedID model claims to represent 
a constructivist approach to identity forma- 
tion.” Although the model lets the agents af- 
fect the opinion structures and vice versa, 
the types of opinions that the agents possess 
and pass on to other agents are hard-coded 
into the model. To let P-Agents detect and 
react to endogenously emergent groups and, 
through various forms of downward causa- 
tion (that is, macrolevel constraints acting on 
individual agents), have those groups enable 
or restrict P-Agent actions, we turn to the 
interpretive agent (IA) research program, 
particularly to the interpretive-heatbugs 
(IHBs) reference application.’ Within THB, 
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Table 1. Framework features and implementation strategies. 


Feature 


Ideological space (I-Space) 


Agent role continuum 


Description 


A Downsian policy space unique to each agent 


Agent characteristics assigned in a number 


of dimensions 


Multigames 


Agent communication 


Locales 


Individually perceived groupings 


agents called heatbugs note other heatbug 
behaviors (by observing witnessable acts) 
and, on the basis of these observations, con- 
struct mental groupings of the heatbugs with 
whom they’ve interacted according to nice- 
ness (toughness), similarity, or other derived 
notions. The heatbugs use a combination of 
hierarchical agglomerative clustering anal- 
ysis and reference point reasoning.? These 
groupings are tied to the particular heat- 
bug’s unique history. So, as the simulation 
progresses, each heatbug forms (and modi- 
fies) its own notions of other heatbugs’ nice- 
ness, similarity, and other such concepts. 
Similarly, we let our P-Agents form uni- 
que, history-dependent ideological mental 
groupings of other P-Agents (see Figure 1). 
Each P-Agent carries its own unique I-Space 
within which the grouping of other P-Agents 
occurs. P-Agents convey imputed ideological 
leanings to other P-Agents through witness- 
able acts, both locally through their multi- 
game interactions and more broadly through 
publicly visible means (such as public proc- 
lamations, newspaper editorials, and public 
voting results). In addition, the eDSL used 
for inter-P-Agent communication must be 
able to convey grouping opinions between 
P-Agents. That is, P-Agents must be able to 
communicate about the groupings that they 
conceive. In this way, not only do P-Agent 
groupings emerge but also exchanges refer- 
ring to these emerged groupings can take 
place. This relates to the CSS notion of sec- 
ond-order emergence, in which model en- 
tities can detect, react to, and reason about 
emergent structures. These groupings con- 
tinue to evolve as a P-Agent is exposed to 
new information, whether about changes 
in derived ideological positions, changes in 
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Agents engaging in multiple simultaneous games 


Agents coordinating via communication 


Local structures in which agents interact 


Agents creating mental groupings of other agents 


political capital distributions, new grouping 
of opinions of other P-Agents, or exogenous 
changes. 

When modeling a physical system, it’s 
often the case that some entities and pro- 
cesses are explicitly defined and included 
in the model, while less well-defined effects 
are treated in a more abstract manner and 
labeled exogenous. Such exogenous factors 
play an important role in our framework. 
These factors can be economic or environ- 
mental events, swings in public opinion, or 
war, for example. They affect the salience 
and intercorrelation of various ideological 
dimensions (for example, leading to dimen- 
sional collapse and fusion, respectively) and 
fundamentally affect the P-Agents’ reason- 
ing processes. For example, in a prolonged 
economic recession, the general population 
might pressure the P-Agents to concentrate 
on small differences between their advo- 
cated positions along an economic policy 
dimension, forcing agents to take notice of 
an exogenous event, or risk becoming polit- 
ically isolated. 

Table 1 summarizes some of the intro- 
duced features of the framework along with 
some suggestions of implementation strate- 
gies for each feature. 


Validation and customization 

Our abstract framework can serve as a scaf- 
folding for models of political processes, 
especially those that include social-identity 
processes. As such, we'll need mechanisms 
with which to validate the models built us- 
ing the framework. Validating these com- 
plex system models will generally be diffi- 
cult. This difficulty is due to several factors, 
including their often nonlinear evolution 
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N-dimensional space with collapsible 
dimensions 


N-dimensional (semi) continuous space 


Multigame formalism 


Open-ended embedded domain-specific 
languages (eDSLs) with individual 
perspectives 


Static and dynamic networks, blackboard 
systems, and broadcast systems 


Clustering based on individual perceptions 


and the emergence of generated structures 
(such as the agent identifications and per- 
ceptions in our framework). However, the 
framework still offers opportunities for 
model validation. For example, depending 
on the application domain, it allows for suf- 
ficient flexibility in calibrating (and hence 
beginning to validate) a model built in the 
framework. 

For example, we can incorporate social- 
science theories from fields such as mi- 
crosociology and small-group psychology 
for important model design considerations 
when considering issues of agents’ social 
contexts and their effect on agent role adop- 
tion. As a specific example, the theories can 
provide particular social and behavioral fac- 
tors that enable the radicalization process 
and recruitment of suicide terrorists and the 
recruits’ transitions in their identifications 
within a model of terrorist organizational 
dynamics. So, the framework’s generality 
and flexibility allows considerable custom- 
ization and thus the potential for increas- 
ingly accurate and comprehensive agent- 
based social models. 


TT computational models generated 
by this framework can potentially 


address questions about political policy and 
decision-making processes. Such models 
can also explore the larger impacts of ex- 
ternal shocks (economic, environmental, 
new threats, and so on) on a political sys- 
tem. However, the framework isn’t limited 
to politics. Diverse programs that require 
models of thick, or heavily contextual, so- 
cial interaction, such as negotiation, jury 
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deliberation, cooperative planning, and his- 
torical simulation, can surely benefit from 
our architecture. 

As computational social science, and 
agent-based modeling in particular, become 
increasingly valuable tools for understand- 
ing social phenomena and informing pol- 
icy and decision making, endeavors such 
as ours can further illustrate their utility in 
tackling issues of interest and concern. 
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